Abstract-Cubature Kalman filter (CKF) is a very popular nonlinear filter algorithm recently. CKF obtains better numerical stability and accuracy in high dimensional situation compared to UKF. However, in case of process model uncertainty, the performance of CKF will greatly degrade or even provoke divergence. An improved strong tracking CKF (ISTCKF) is proposed to keep the numerical stability and improve the robustness. First, the theoretical framework of strong tracking filter (STF) is combined with CKF. Then, an enhanced fault detection and isolation technique is established to overcome the drawback in STCKF. ISTCKF only performs correction phase when the process model uncertainty is detected and isolated. The ISTCKF is tested and validated via a target tracking model.
INTRODUCTION
Kalman filter (KF) has been widely used as a linear system filtering algorithm since it was proposed. KF has two important advantage: (1) it utilizes the recursive form; (2) it is designed in time domain. However, the world is non-linear in nature, even for some linear system is the approximation of non-linear system simply. KF will fail if the system function is non-linear.
Many non-linear filter algorithms have been proposed by researchers, such as extended Kalman filter [1] (EKF), Unscented Kalman filter [2] (UKF) and cubature Kalman filter [3; 4] (CKF), etc. At present, almost all non-linear filter algorithms utilize the recursive form and are designed in time domain, following the design ideas of KF. EKF applies the first order Taylor series expansion of non-linear function to approximate the non-linear system as a linear system, and then handle the system with the framework of KF. UKF is proposed in light of the intuition that it is much easier to approximate a probability distribution than an arbitrary non-linear transformation. Unscented transform is the core of UKF, which use a set of chosen sample points to represent the probability distribution. Compared with EKF, UKF provides more accurate performance and omits the cumbersome operations like derivation and Jacobi matrices. However, UKF encounters the numerical stability problem as utilized in high-dimensional system, because the stem at the center (the mean) of the sigma points owns more weight which is usually negative in highdimensional system. CKF is proposed with the spherical-radial cubature rule. Different from UKF, CKF is obtained through strict mathematical derivation. In fact, CKF could be regard as a special UKF, when the coefficient for the sigma point in the center is set as 0   . Obviously CKF overcomes the drawback of UKF, and gets better performance in highdimensional system. However, CKF still does not obtain the adaptability to the uncertainty in process model. The process model uncertainty will affect the filtering performance or even lead to divergence [5] . Covariance matching techniques have been proved to CKF and UKF to build adaptive CKF [6] and adaptive UKF, which possess better adaptability and robustness. Strong tracking filter [7] is an innovation covariance matching based adaptive EKF with a time-varying suboptimal fading factor. STF effectively solves the drawback of EKF when the process model is uncertain.
In this paper, the theoretical framework of STF is applied to CKF. The shortcoming of fault detection method used in STF is analyzed. Then an enhanced fault detection and isolation method is built, and the improved strong tracking CKF (ISTCKF) is established. The proposed algorithm is tested with a target tracking model.
II. IMPROVED STRONG TRACKING CUBATURE KALMAN FILTER

A. CKF Algorithm
Considering the following non-linear discrete-time system with additive noises:
is the system state vector, Assume at instant k , the posterior density function
is known. The time update equations are given by
The measurement update equations are given by
B. Strong Tracking Cubature Kalman Filter
The basic concept of STF is orthogonal principle, which can be mathematically depicted as follow
If the process model is accurate, (17) is satisfied. If not, the suboptimal fading factor is applied to the predicted error covariance / 1 k k P , in order to satisfy the (17). When it comes to CKF, the suboptimal fading factor k  can be introduced as follow,
 is calculated as follows:
where ( ) tr is the trace of the related matrix, the superscript 'o' denotes the variable before k  is introduced. k V is the practical innovation covariance, which is evaluated as
where  is the forgetting factor.
C. Enhanced Fault Detection and Isolation
In strong tracking theory, k  is derived by keeping the theoretical innovation covariance consistent with the practical innovation covariance. :
It is notable that suboptimal fading factor can only deal with uncertainty in the process model. Another key problem is to identify the fault type (a measurement malfunction or process model uncertainty). The fault isolation can be realized by an algorithm similar to the one proposed for aircrafts [8] . Based on the Doyle-Stein condition, A similar robust CKF is built to isolate the process model uncertainty and measurement malfunction. If the process noise covariance matrix is set as
Q = Q+ BVB  
Where q approaches to infinity, V is any positive definite symmetric matrix, B is the control distribution matrix in continuous time, then the robust CKF is acquired. The overall scheme for the ISTCKF is shown in Figure 1 .
III. SIMULATION
The ISTCKF is tested via a target tracking model [6] . The non-linear process equation of the target tracking is modeled as below:
where k x is the state of the aircraft and [ ] atan2( , )
Where atan2 is the four-quadrant inverse tangent function, k v is white noise with zero mean and covariance R .
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Q and R are set as 
The reference data is generated using The root mean square error (RMSE) is utilized as a norm to compare the performance with respect to robustness and numerical stability,
Where N is the total number of instant, 100 N  , and M is the total Monte Carlo runs, 50 M  . 
A. Normal Situation
It can be seen from Figure 2 and Figure 3 , ISTCKF has better numerical stability than STCKF in normal situation. STCKF owns a large possibility to get wrong judgment for it uses the suboptimal fading factor as the threshold. Due to the k V is not accurate enough for true innovation covariance and the chosen of threshold, STCKF cannot give the best estimation and encounters numerical stability problem when the system is normal. The numerical stability of STCKF is particularly worse in estimating velocity.
In the Monte Carlo simulation, the total number of fault detected by STCKF is 2895. On the other hand, the total number of fault detected by ISTCKF is only 315. The average number of fault detected by ISTCKF in one Monte Carlo is decreased almost 90%. By using utilizing enhanced fault detection and isolation technique, the numerical stability of ISTCKF is almost equal to CKF.
B. Abrupt State Change
In this case, an abrupt state change is happened at 20 k  in every Monte Carlo run.
Obviously, ISTCKF and STCKF catch the abrupt state change correctly as shown in Figure 4 and Figure 5 . They all go back to normal error range quickly in the position estimation. Meanwhile, CKF takes more than 30 intervals or even longer time in order to go back to normal error range. Paying attention to the velocity estimation, the result of CKF is quite bad after abrupt state change happens. The error even become larger after the position estimation turns to normal. CKF does not have the ability to deal with this fault. In the Monte Carlo simulation, the total number of fault detected by STCKF is 3353, while the total number of fault detected by ISTCKF is only 417. Although the number of fault detected is much lower, the performance of ISTCKF is almost equal with STCKF.
Results show that the suboptimal fading factor enhances robustness of STCKF and ISTCKF. The enhanced fault detection and isolation technique still keeps excellent sensibility with process model uncertainty, although the threshold value is larger than that of STCKF.
IV. CONCLUSION
In this paper, an improved strong tracking CKF is proposed. First, STCKF is built with the STF theory. Then, the analysis about STF's fault detection declares that the threshold value is not suitable enough, and causes the numerical stability problem. Therefore, the hypothesis testing theory is applied as fault detection, and a robust CKF is built with Doyle-Stein condition to act as the fault isolation. As a result, ISTCKF only calculates the suboptimal fading factor when the special fault type is detected. When there is no fault detected or other type fault is detected, ISTCKF runs as the normal CKF, and keeps the superior characteristics of CKF. Numerical simulations result show that ISTCKF improves the numerical stability and robustness of CKF. 
